Abstract Purpose: MRI-guided prostate needle biopsy requires compensation for organ motion between target planning and needle placement. Methods: We propose slice-to-volume registration algorithms for tracking the prostate motion. Three orthogonal intraoperative slices are acquired in the approximate center of the prostate and registered with a high-resolution target planning volume. Both rigid and deformable scenarios were implemented. MRI-guided robotic prostate biopsy cases were analyzed retrospectively. Results: Average registration errors were 2.55mm for the rigid algorithm and 2.05mm for the deformable algorithm. Conclusion: Slice-based tracking appears to be promising. Deformable registration does not seem warranted.
I. INTRODUCTION
rostate cancer continues to be a worldwide health problem and the most common type of cancer among men [1] . Ultrasound guided core needle biopsy is the gold standard in achieving a positive diagnosis. As ultrasound lacks in both sensitivity and specificity, Magnetic Resonance Imaging (MRI) is increasingly becoming the modality of choice in prostate biopsy. During a prostate biopsy procedure, the prostate moves and deforms between target planning and needle insertion and retraction. Confirming clinical observation in a recent longitudinal study of MRIguided transrectal prostate biopsy cases accrued over several years, Xu et al. found an average biopsy target displacement of 5.4mm [2] . This creates the need for a system to track the prostate position throughout the biopsy procedure. Intraoperative prostate motion tracking in MRI has been achieved before [3, 4] , but these depend on custom MR sequences and access to the MR machine to control the timing and pose of tracking scans. Such advanced approaches are not available for average care facilities and cannot be considered as clinically practical. Acquiring intra-operative MR volume would promise the possibility of volumetric registration between the original and moved biopsy locations. We propose to position the prostate in the scanner's isocenter and acquire multiple statically set slices in this position. It is posited that full six degree-of-freedom (DOF) motion of the prostate can be recovered through the registration of a target planning MR volume and multiple MR slices acquired immediately before and after needle insertion. The tracking slices are acquired with ordinary anatomical imaging sequences through the scanner's console. This approach is affordable, as slice acquisition takes only a few seconds and is available on any commercial MRI scanner without restriction.
In the literature, slice-to-volume registration has been investigated in the contexts of CT guidance [5] and ultrasound [6] . In the context of prostate tracking in MRI, two works in particular inspired our project. Fei, et al. [7] developed a slice-to-volume registration algorithm with application to radio-frequency thermal ablation of prostate cancer, in which 15 actual interventional prostate MRI slices from transverse, sagittal, and coronal orientations were registered to a pre-operative MRI volume, respectively. The slices from each orientation were independently registered to the pre-operative volume, meaning that three independent registrations were performed and the results were compared. Their algorithm featured a multi-resolution approach with an automatic restart. The problem of local extrema traps and the inefficiency of Fei's optimization were addressed by Gill et al. [8] . They eliminated the need for restarting the routine by performing a multi-resolution registration alone on a volume of interest (VOI), and incorporated transverse and sagittal slices centered at the prostate, which were formed into a simulated intra-operative volume. Tadayyon et al. [9] improved on Gill's performance in a rigid scheme, which despite its speed advantage did not consider deformations [9] .
Our present contributions are threefold. Foremost, we constructed a new deformable two-stage organ tracking scheme; eliminated the need for random restarting that hampered earlier works; and analyzed the performance on clinical MRI-guided prostate biopsy data. The straightforwardness of our approach must not belie the investment of creative efforts needed to make it a workable clinical tool, despite the availability of several underlying algorithmic components developed by others in synergistic problems. We constructed an intuitive, practical, and inexpensive solution for a pressing clinical problem. Our
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solution blends seamlessly with the current MRI scanner install base and workflow, so it could be translated to patient care in a reasonable timeframe with minimal cost.
II. METHODS

A. Workflow
The goal is to develop a rapid and accurate registration of a high-resolution target planning MR volume with static MR slices acquired immediately before and after needle insertion. In the context of this paper, a registration error of less than 2mm is considered to be sufficiently accurate as it is comparable to the diameter of a standard biopsy needle but smaller than the diameter of the clinically significant size of prostate tumor which is about 4mm [10] . The objective of tracking is to ascertain current prostate position prior to insertion of the biopsy needle in order to ascertain the anatomical accuracy of the collected sample. Tracking is requested by the physician and executed by the operator through the console, so the requirement for speed is timely response to the physician's requests. This timely response may be allowed up to 1 minute. The clinical setup we consider is such that the patient is in prone position, a transrectal robotic probe is inserted into the rectum, and a set of high-resolution transverse MR slices are acquired and compounded into a volume for target planning. This target planning "pre-needle" volume serves as reference for the subsequent slice registration.
The formatting pipeline for the input images is illustrated in Figure 1 . The moving image is the pre-needle reference volume and the fixed image is originally input as three orthogonal slices. The pre-processing stage of our algorithm must place the slices in the correct position and orientation in a sparse volume. The slice origin and direction cosines read from the DICOM tags are used to resample the slices into a sparse volume. The bounding box of the prostate is defined as the volume of interest in the sparse volume. Figure 2 shows the flow of the registration algorithm. The registration is performed in two stages: A rigid registration is first performed to obtain an initial pose of the pre-needle volume, which is then non-rigidly registered to the fixed, rigid post-needle sparse volume. 
B. Filtering and Similarity Metrics
A histogram matching filter was applied to the moving image to match the intensities of the fixed image. The moving and fixed images were then passed through a Gaussian smoothing filter in order to obtain smooth intensity estimates for our mutual information similarity metric. Random intensity samples were drawn from the fixed image to calculate the joint probability distribution function. The size of the intensity sample population was set to 10% of the total voxel size of the fixed image. The choice of the values of the metric parameters, including smoother variance and population size, was based on trial and error. The smoother variance value was chosen as the optimal balance between smoothness of the density function (low variance) and loss of intensity modes (high variance). The population size was chosen based on the optimal balance between computational speed and representational accuracy of the joint probability distribution function.
C. Transformations and Optimizations
Rigid transformation optimization proceeds in a cascade model, in which the translation parameters are optimized using the CMA Evolutionary Strategy (CMA-ES) [11] . Following translation, rotation is optimized by gradient descent optimization. For our application, the CMA-ES was not able to optimize a 6-DOF search space as it diverged on rotations regardless of scaling. Thus, we decoupled the translation and rotation optimizations and used the CMAES for the parameters that varied the most, i.e. the translation. The gradient descent optimizer converges quickly and accurately for parameters that have a smaller variation range, i.e. the rotations in our case. We feed the rigidly registered pre-needle volume to a deformable registration algorithm, which was implemented as a two level registration pyramid using coarse B-spline grid (5 x 5) followed by a finer grid (15 x 15). We search the parameter space of the B-Spline grid for the minimum mean square of intensity differences using a gradient descent optimizer.
D. Experimental Data
In the pursuit of a more accurate biopsy, Krieger et al. developed robotic assistance under MR image guidance [12] . To date, their system has been used at the U.S. National Cancer Institute in multiple clinical trials. Under ethics board approval, we have obtained five patient data sets from their studies. Each dataset contained a pre-needle volume image used for target planning and a post-needle volume image used for needle placement verification. The high-resolution MRI volumes were acquired from a T2 MRI transverse scan using a 1.5T GE MRI system. The target planning (preneedle) images had resolutions of 0.78 x 0.78 x 4 mm/pixel for patient 1, 0.625 x 0.625 x 3mm/pixel for patient 2, and 0.55 x 0.55 x 3 mm/pixel for patients 3, 4, and 5. The intraoperative images (post-needle) had resolutions of 0.78 x 0.78 x 4 mm/pixel for patient 1, 0.625 x 0.625 x 3 mm/pixel for patient 2, 0.85 x 0.85 x 3mm/pixel for patients 3 and 4, and 0.94 x 0.94 x 3mm/pixel for patient 5. Their slice dimensions were 256 x 256 pixels for all patients. We extracted three orthogonal slices from each post-needle volume, centered in the prostate. As true sagittal and coronal slices were not available, they were obtained by interpolation between the transverse image slices. We discarded the reformatted sagittal and coronal slices that did not contain the prostate. 
III. RESULTS
In order to explore the robustness, capture range and temporal performance of our rigid algorithm on actual clinical data, we applied random perturbations to each patient volume and registered it back to itself. In these tests, the fixed image was a sparse volume of the moving image that was computationally displaced. We applied ±5 mm translation and ±5 degree rotation on all axes and attempted to recover the introduced misalignment. 25 registration tests were performed for each of the 10 volumes (5 volume pairs), totaling the number of registration tests to 250. The results are summed up in Table 1 . Registration error was defined as the Euclidean distance between the ground truth voxels and the registered voxels averaged over the prostate sparse volume. We achieved 100% successful registration results where success was defined as a registration error of 2mm or less. The registration error, standard deviation, and registration time are shown in table 1. The higher registration times for patients 1 and 2 can be explained by the fact that the registration tests involved cases where the initial volume displacement was outside of the algorithm's capture range which caused the optimization to reach the maximum number of iterations. The registration tests revealed that the algorithm could not lock on the solution for initial displacements of more than 10mm for patients 1 and 2.
To validate the actual patient registrations, we segmented the prostate in both volumes and computed the mean surface misalignment after registration. We term this measure as surface distance (SD). This result may seem surprising at first, but actually coincides with latest results in the literature contributed by Xu [2] and Karnik [13] . The average rigid registration time was 70 s for the rigid algorithm and 1000 s for the deformable algorithm (includes initial rigid alignment time). The pre-needle insertion and post-needle insertion positions of the first biopsy target for patient 1 are shown in Figure 3 . The pre-insertion position was obtained from biopsy data and the post needle position was obtained by our tracking algorithm. The prostate surfaces before and after rigid and deformable registrations for patient 1 are shown in Figure 4 . Note that the prostate was segmented for the purpose of validation. No segmentation was involved in the algorithm before or during registration. 
IV. DISCUSSION
One major challenge of our evaluation is the fact that in clinical patient data there is no strong ground truth. As opposed to many computer assisted interventions that use fiducials to perform or evaluate registrations, there are no fiducials associated with the in-vivo prostate during a biopsy procedure. Implanting such markers for our study would involve discomfort and risk to the patient. As such, the measure of registration error for actual patient registrations for this study is based on surface misalignment. In the case of this study where an accurate ground truth is not present, point transformations cannot be used to compute error as performed by previous groups [7] since there is no reference transformation to base the error on. Fig. 4 . Prostate surfaces before registration (left), after rigid registration (middle), and after deformable registration (right). Just as in Table 2 , deformable registration shows no substantial benefits.
Results of the deformable registration tests show that deformation of the prostate is not significant, which is fully in step with the latest findings of Xu [2] and Karnik [13] who suggest that their results from rigid and non-rigid intraoperative prostate biopsy registrations were not statistically different. An accuracy gain of 1.25 fold at the cost of 14 fold loss in temporal performance does not favour the deformable algorithm for clinical applications.
Another source of tracking error is the needle artifact, but its contribution is probably small since it only occupies a few voxels. Table 1 also suggests that tracking in the preneedle volume is consistently better than post-needle volumes, indicating that imaging quality deteriorates during the procedure.
We must stress again that our experiments were conducted with reformatted sagittal and coronal images. Under true clinical circumstances, the resolution of the sagittal and coronal tracking images will be several times higher, which will undoubtedly improve registration performance. In essence, the current tests with low-resolution non-axial slices underestimate the true power of our prostate tracking method. Also, in practice tracking slices will be acquired more often than in the datasets we received for the analysis. In real cases, we will run an additional tracking sequence immediately before needle insertion, which will divide current prostate motion and deformation errors in about half -a major improvement in target tracking performance. In addition, because slice imaging is fast, we will probably acquire more than just three canonical slices and the use of three transverse, one coronal and one sagittal slice will surely surpass present accuracy and robustness.
Our registration time for the rigid algorithm is clinically acceptable. Deformable registration times could raise feasibility concerns, but in all we are not particularly concerned about time, because for clinical trials the registration should be ported to the GPU which then obsoletes all prior considerations.
In conclusion, results on limited clinical patient data indicate that the rigid registration is sufficient for tracking of the prostate in MRI-guided robotic biopsy. Our rigid algorithm has demonstrated convergent results for initial prostate displacements up to 8mm. Work continues with performing target registration error studies in typical sextant and octant biopsy locations and, most importantly, moving toward a prospective clinical trial with the use of true sagittal and coronal slices.
